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Abstract 
For providing precipitation forecasts in Taiwan, Taiwan Typhoon and Flood Research Institute of the National 
Applied Research Laboratories executes a numerical weather model based quantitative precipitation forecast 
experiment. In this study, we first evaluate the performance of the ensemble precipitation forecasts during typhoons. 
Then, a strategy based on artificial intelligence is proposed to optimal integrate these ensemble forecasts for better 
forecasting performance. To demonstrate the potential of the proposed strategy, an application to 24-h precipitation 
forecasts during 5 typhoons is conducted. The results indicate that the skill scores of the forecasts provided by the 
proposed optimal integration strategy are higher as compared to those of the ensemble members and of the ensemble 
mean, especially for the extreme values. That is, an improved forecasting performance is obtained. The improved 
precipitation forecasts are expected to be helpful for the disaster decision making during typhoons. 
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1. Introduction 
Taiwan is situated in one of the main paths of northwestern Pacific typhoons. On average, three to four typhoons 
 
 
* Corresponding author. Tel.: +886-2-2321-9660; fax: +886-2-2321-1722. 
E-mail address: mcwu@narlabs.org.tw 
 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the organizing committee of HIC 2016
1292   Ming Chang Wu et al. /  Procedia Engineering  154 ( 2016 )  1291 – 1297 
invade Taiwan each year. During typhoon events, heavy rainfall often causes serious damage, such as flood, 
inundation, landslide or debris flows, and results in loss of life and property damage. To mitigate the impact of 
typhoon rainfall-related disasters, early warning systems have been developed as a non-structural strategy. Proper 
preventive measures, such as the evacuation of people from the most critically threatened areas, can be taken in 
advance. In these early warning systems, forecasts of typhoon rainfall are always desired as essential information for 
preparing proper preventive measures beforehand. Therefore, providing accurate typhoon rainfall forecasts is always 
an important task in the work of disaster prevention and mitigation in Taiwan. 
 
To this end, Taiwan Typhoon and Flood Research Institute (TTFRI) of the National Applied Research 
Laboratories, cooperates with several academic institutes and government agencies to perform a numerical weather 
model (NWM) based quantitative precipitation forecast experiment. Moreover, to take account of the uncertainties 
of numerical weather predictions (NWPs), the ensemble technique is involved in this experiment. Therefore, 
numerous NWMs perform simultaneous to forecast the rainfall and estimate the quantity of precipitation. This 
experiment is an ensemble quantitative precipitation forecast experiment and named Taiwan Cooperative 
Precipitation Ensemble Forecast Experiment (abbreviated as TAPEX hereafter) [1], [2]. Studies related to the use of 
the precipitation forecasts from TAPEX in hydrologic modelling have been conducted and confirm the potential of 
TAPEX to provide valuable information on quantitative precipitation forecast [2], [3], [4], [5] and [6]. 
 
For further improving the efficiency of the use of the ensemble forecasts from TAPEX, the study first evaluates 
the performance of these ensemble precipitation forecasts during typhoons. Then, based on neural networks (NNs), a 
strategy is proposed to optimal integrate these ensemble forecasts for better forecasting performance. NNs which is 
a kind of artificial intelligence is a powerful information processing technique. In recent years, NNs have been 
widely applied for solving a range of practical problems associated with nonlinear processes. As to the integration of 
ensemble forecasts, Kumar et al. used neural networks to integrate the daily medium range (days 1-5) precipitation 
forecasts during monsoon season in India [7]. The result indicated that their model has a higher skill than individual 
model forecasts and also higher skill than the simple ensemble mean in general. Additionally, Krasnopolsky and Lin 
used a NN technique for improving 24-h precipitation forecasts over the continental US [8]. Their result indicated 
the NN technique significantly reduces the high bias at low precipitation levels and the low bias at high precipitation 
levels. The remainder of this paper is organized as follows. Section 2 briefly describes the used data containing the 
forecasted and the observed precipitation data. Section 3 includes the details of the NN-based methodology applied 
in this study. Sections 4 and 5 present the results, discussions, summary, and conclusions.  
2. The used data  
2.1. The precipitation forecasts from the ensemble quantitative precipitation forecast experiment 
In this study, the 24-h typhoon precipitation forecasts resulting from an ensemble quantitative precipitation 
forecast experiment, i.e., TAPEX, are used. The TAPEX which started from 2010 is a high-resolution numerical 
ensemble weather prediction system in Taiwan and is a collective effort among several academic institutes and 
government agencies. In TAPEX, numerical weather models, such as the Weather Research and Forecasting (WRF) 
Model and the Fifth-generation Pennsylvania State University-National Center for Atmospheric Research Mesoscale 
Model (MM5), are performed to generate future weather scenarios based on current weather conditions. To date, a 
total of 21 ensemble members have been established for precipitation forecasting. At a 5-km spatial resolution, the 
TAPEX provides 24-, 48-, and 72-h typhoon precipitation forecasts four times per day (0000, 0006, 0012, and 0018 
UTC). For more details about the TAPEX, readers can refer to [1], [2]. Fig. 1 shows an example of the TAPEX’s 
typhoon track and the corresponding 24-h typhoon precipitation forecasts issued at 0000 UTC on August 1 during 
the 2012 Typhoon Saola. Gray lines display the forecasted typhoon tracks and the black line is the ensemble mean. 
The star mark indicates the location of the maximum 24-h typhoon precipitation forecast of each ensemble member. 
The value of the maximum 24-h typhoon precipitation forecast is also provided. 
 
As mentioned earlier, in TAPEX, ensemble members are designed based on using different numerical weather 
prediction models with perturbations of the initial conditions and different physical parameterizations. Sometimes, 
the resulting ensemble forecasts are totally different, as shown in Fig. 1. This phenomenon may confuse users and 
1293 Ming Chang Wu et al. /  Procedia Engineering  154 ( 2016 )  1291 – 1297 
lead to a worse performance on the use of these ensemble forecasts. Hence, it is justified to develop a methodology 
to optimal integrate these ensemble forecasts into a coherent result for better performance. 
 
 
Fig. 1. An example of the ensemble forecasts of the typhoon track and the 24-h precipitation of TAPEX (2012/08/01-2012/08/02). 
2.2. The observed precipitation data of typhoon events 
In this study, the observed 24-h precipitation during 5 typhoons, Saola (2012), Soulik (2013), Matmo (2014), 
Soudelor (2015), and Dujuan (2015) are used. These used typhoons all made landfall in Taiwan and caused severe 
damage in the most recent 5 years. Details of these typhoons are provided in Table 1. Among the 5 typhoons, 
Soudelor is the strongest typhoon according to the highest wind and the lowest pressure. The largest maximum 24-h 
precipitation is also observed during Soudelor. During the warning period of these typhoons, the observed 24-h 
precipitation data of the 607 rain gauge stations are collected from the Central Weather Bureau, Taiwan. The 
corresponding ensemble forecasts resulting from TAPEX are also collected. 
Table 1. Detailed information of used typhoon events in this study. 
Name Typhoon warning period 
(yyyy/mm/dd) 
Saffir-Simpson 
scale 
Highest wind 
(km/h) 
Lowest pressure 
(hPa) 
Maximum 24-h 
precipitation (mm) 
Saola 2012/07/30-2012/08/03  Category 2 130 960 1024.5 
Soulik 2013/07/11-2013/07/13 Category 4 185 925 949 
Matmo 2014/07/21-2014/07/23 Category 2 130 965 614 
Soudelor 2015/08/06-2015/08/09 Category 5 215 900 1178 
Dujuan 2015/09/27-2015/09/29 Category 4 205 925 673 
3. The NN-based methodology 
In this study, a NN-based methodology is proposed to optimal integrate these ensemble forecasts into a coherent 
result for better performance. A novel type of NNs named support vector machine (SVM) is adopted herein due to 
its powerful ability to model complex problems. On the basis of statistical learning theory, SVMs have advantages 
over traditional NNs, such as back-propagation networks (BPNs). Two major characteristics of SVMs are the 
objective function and the optimization algorithm. Based on the structural risk minimization induction principle 
used in SVMs, both the empirical risk and the model complexity are minimized simultaneously and leads to the 
better generalization ability of SVMs. In addition, in SVMs, the determination of the architecture and weights, i.e., 
the learning of SVMs, are expressed in terms of a quadratic optimization problem which can be rapidly solved by a 
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standard programming algorithm. Hence, the architectures and the weights of the SVMs are guaranteed to be unique 
and globally optimal. In the early 1990s, SVM is firstly developed for classification and is then extended for 
regression, which is called support vector regression (SVR). More mathematical details about SVR can be found in 
several text books (e.g., [9], [10] and [11]). In this paper, SVR is utilized to integrate the ensemble forecasts of 
TAPEX.  
 
Herein, the input of SVR is the vector of ensemble forecasts of TAPEX and the output is the corresponding 
observation. The general form of the SVR can be expressed as   
   meanmmmmo RRRRffR ˆ,ˆ,,ˆ,ˆˆ 210201SVRSVR   R   (1) 
where oR  is the observation, mRˆ  is the vector of ensemble forecasts consisting of the forecasts from the ensemble 
members and the ensemble mean, and ݂  means the nonlinear regression function built by SVR. During the 
learning of SVR, the collected typhoons are separated into two sets: training and testing events. Training events are 
used to construct SVR. The testing events which are not used in the training process are then used to test the 
performance of the trained SVR. To reach just conclusions, the leave-one-out cross validation method is adopted 
herein. Each single typhoon is used as the testing event in turn and the remaining typhoons are the training events.  
4. Results and discussions 
4.1. The performance of the 24-h typhoon precipitation forecasts of TAPEX 
The study first evaluates the performance of the ensemble precipitation forecasts of TAPEX. Two commonly used 
measures, the root mean square error (RMSE) and the correlation coefficient (CC), are employed herein to assess 
the overall performance during 5 typhoons. Data with ensemble forecasts and observations available simultaneously 
are considered herein. Besides, to avoid erroneous conclusions due to the effect of different number of data, m16 is 
neglected herein because the data size of m16 is much smaller than that of other ensemble members. Hence, herein 
the ensemble mean is the simple mean of the forecasts of all ensemble members except m16. The CC and RMSE 
results are shown in Fig. 2. It is clear that in comparison to each ensemble member, the ensemble mean performs the 
best according to the highest CC and the lowest RMSE values. As compared within each member, the performances 
of most members are similar except m19, m20, and m21. The lowest CC and the highest RMSE values are found for 
m20. 
 
 
Fig. 2. RMSE and CC values of the individual ensemble member and the ensemble mean. 
Moreover, to assess the forecasting performance under different precipitation amounts, three skill scores, threat 
score (TS), bias score (BS), and probability of detection (POD), are used. These skill scores are computed from a 
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contingency table consisting of 4 categories, Hit, Miss, False alarm, and Correct negative. “Hit” means an event 
forecast to occur, and did occur. “Miss” means an event forecast not to occur, but did occur. “False alarm” means an 
event forecast to occur, but did not occur. “Correct negative” means an event forecast not to occur, and did not occur. 
Based on the contingency table and under a certain threshold of precipitation amount, TS, BS and POD are defined 
as  
 Missalarm FalseHitHitTS    (2) 
   MissHitalarm FalseHitBS     (3) 
 MissHitHitPOD     (4) 
The bigger value of TS or POD means the better forecasting performance. If the TS or POD value is equal to 1, the 
forecasts are perfect. As to BS, the closer value to 1 indicates the better forecasting performance. The TS, BS and 
POD results are shown in Fig. 3. It is observed that the ensemble mean performs the best at the smaller thresholds of 
precipitation amount (<130~200 mm). However, the performance of the ensemble mean decreases with increasing 
threshold values. That is, the ensemble mean provides good forecasts at low precipitation levels but fails to forecast 
the precipitation at high levels. A low bias is observed at high precipitation levels. This is disadvantageous for the 
disaster decision making during typhoons. 
 
 
Fig. 3. TS, BS and POD values of the individual ensemble member and the ensemble mean under different thresholds. 
4.2. The improvement due to the use of the SVR-based optimal integration strategy 
As mentioned above, the ensemble mean provides good forecasts at low precipitation levels but fails to forecast 
the precipitation at high levels. However, the forecasts of high precipitation levels are important references for the 
disaster decision making during typhoons. Hence, the NN-based methodology is developed for improving the 
forecasts at high precipitation levels. SVR is used to optimal integrate the ensemble forecasts at high precipitation 
levels for better forecasting performance. The ensemble forecasts under the condition that the corresponding 
ensemble means are bigger than 250 mm are adopted as the input vector of SVR herein. Because the leave-one-out 
cross validation method is used, the conclusions are drawn on the basis of the overall performance for the 5 testing 
typhoons. The resulting RMSE, CC, TS, BS and POD values are listed in Table 2. The corresponding values of the 
ensemble mean are also provided as the benchmark.  
 
As presented in Table 2, SVR provides lower RMSE and comparable CC values as compared to the ensemble 
mean. That is, SVR performs better than the ensemble mean. Furthermore, to evaluate the improvement of the 
forecasts at high precipitation levels due to the use of SVR, the results of TS, BS and POD under higher thresholds 
(>250 mm) are highlighted. It is clearly observed that SVR provides higher TS and POD values than the ensemble 
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mean. As to BS, values closer to 1 are obtained. It is namely that at high precipitation levels, improved forecasts are 
provided by SVR. With increasing threshold values, the improvement in forecasting performance increases. For the 
thresholds from 350 to 500 mm, the percentages of improvement in TS, POD and BS are also listed in Table 2. The 
result shows that at least 26% and 82% improvements are obtained for 350 and 500 mm thresholds, respectively. 
Based on the results in Table 2, we concluded that the ensemble forecasts at high precipitation levels are optimal 
integrated by SVR and the better forecasting performance is obtained. 
Table 2. RMSE, CC, TS, BS, and POD values of SVR and the ensemble mean. 
 CC RMSE 
(mm) 
TS POD BS 
Threshold (mm) Threshold (mm) Threshold (mm) 
50 130 200 350 500 50 130 200 350 500 50 130 200 350 500 
Ensemble 
mean 
0.86 60.39 0.72 0.64 0.56 0.34 0.17 0.91 0.78 0.65 0.37 0.19 1.17 0.99 0.82 0.48 0.32 
SVR 0.86 59.48 0.72 0.64 0.56 0.43 0.31 0.91 0.78 0.65 0.51 0.40 1.17 0.99 0.82 0.72 0.71 
Impr.* - - - - - 26.5 82.4 - - - 37.8 110.5 - - - 50 121.9 
  *Impr. means the improvement defined as (SVR-Ensemble mean)/(Ensemble mean) and expressed in percentage. 
5. Summary and conclusion 
In this study, a SVR-based methodology is proposed to optimal integrate the ensemble precipitation forecasts. An 
actual application to 24-h precipitation forecasts during 5 typhoons is conducted to demonstrate the potential of the 
proposed optimal integrate strategy. Firstly, the performance of the ensemble precipitation forecasts of TAPEX is 
evaluated. It is shown that the ensemble mean provides the best forecasts at low precipitation levels in comparison 
to the individual ensemble member. As to the forecasts at high precipitation levels, a low bias is observed. That is, 
the simple mean is not a suitable estimator at high levels of precipitation.  
 
Then, SVR is used to optimal integrate the ensemble precipitation forecasts at high levels for better forecasting 
performance. The results indicate that the skill scores of the forecasts provided by the SVR-based optimal 
integration strategy are better than those of the ensemble mean, especially for the extreme values. Hence, it is 
concluded that by using the SVR-based optimal integration strategy, an improved forecasting performance at high 
precipitation levels is obtained. The improved precipitation forecasts are expected to be helpful for the disaster 
decision making during typhoons. 
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